Introduction 13
Human neuroscience research has long endeavored to assign specific functions to clearly 14 demarcated brain regions. Neuroimaging has offered deep insights into functional 15 specialization in the human brain, and has permitted the localization of functional regions. 16 Brain mapping approaches have been focused on assigning specific roles to such regions and 17 through this approach much has been learned about the functional organization of the brain. 18 Recently, there has been significant interest in whole-brain parcellation approaches for 19 deriving brain atlases (Eickhoff et al., 2017) . The parcellation problem itself is of great 20 interest, and whole-brain parcellation is particularly relevant for defining the human 21 connectome, which characterizes the interactions between brain regions. These developments 22
have fueled a growing interest in functional connectivity-based analyses. There has been no 23 consensus to date, however, on how to define the underlying atlas that best reflects the 24 brain's functional organization. 25
The widely used Brodmann areas (Brodmann, 1909) , defined by cytoarchitectural boundaries, 26 were among the earliest attempts to subdivide the brain into functionally meaningful units, and 27 there have been numerous, varied approaches to generate such atlases since (Craddock et 2016; Glasser et al., 2016) . In addition, meta-analytic databases such as BrainMap (Fox and 38 Lancaster, 2002) and NeuroSynth (Yarkoni et al., 2011) have attempted to collate 39 information from thousands of studies to provide behavioral context on any region of the 40 brain, and clustering methods have been developed to translate these findings into 41 homogeneous regions (Eickhoff et al., 2011 ). Yet all of these commonly adopted 42
parcellations, whether at the individual or group level, define a single functional atlas with 43 the underlying assumption that parcels are homogenous in function and invariant in size, 44 shape or position regardless of brain state. 45
Functional connectivity studies rely on these functional atlases to model the brain as a network 46 of spatially distributed but functionally connected nodes (or parcels). Previous work has made 47 great progress in characterizing the task-induced reconfiguration of connectivity patterns, and 48 its link to behavioral states and traits (Cole et al., 2014; Krienen et al., 2014; Tavor et al., 49 2016) . However, these studies typically rely on a single fixed functional atlas to define 50 connectivity matrices and assess changes in connectivity across states. 51
In this work, we provide evidence that there is not a single functional parcellation atlas but 52 rather that the flexible brain reconfigures these functional parcels depending upon what it is 53 doing. While there are many timescales on which brain states can be measured and many 54 ways in which they can be defined (see Discussion), here we use tasks to elicit discrete, 55 distinct brain states, and demonstrate that parcel boundaries defined by functional 56 connectivity change across task-induced states, yet are reliably reproducible within a state. 57 Further, we show that the particular configuration of the parcels provides meaningful 58 information on brain state: that is, a measure as coarse as parcel size for a given atlas can 59 significantly predict the task condition under which the data were acquired, as well as the 60 within-condition task performance. Using a single, highly sampled subject, where we know 61 there are no anatomic differences across conditions or sessions, and wherein one would expect 62 the parcels to be consistent from session to session, we demonstrate that the parcels are indeed 63 consistent for a given condition, but reproducibly reconfigure across conditions, even when 64 starting with the same initial atlas each time. These results hold across two additional 65 independent data sets, both within and across subjects, and at various parcellation spatial 66 resolutions, suggesting that they are the result, not simply of individual idiosyncrasies in 67 functional brain organization or of systematically varying noise in boundary estimates, but 68 rather of robust, generalizable, state-dependent reorganization of functional areas. This 69
suggests that a single functional parcellation of the human brain is neither attainable nor 70 desirable, it emphasizes the importance of considering brain state when drawing 71 functional boundaries on the brain, and offers functional parcellations as a tool to study 72 state-dependent changes in functional organization of the human brain. These findings 73 provide another dimension with which to understand the organization of the flexible 74 brain under changing brain state or cognitive conditions. 75
Materials and Methods

76
Three independent data sets are used in this work. In the first, 30 sessions of fMRI data were 77 obtained from a single subject; each session was approximately 60 minutes long and included 78 6 task conditions (n-back (Rosenberg et al., 2015) , gradual-onset continuous performance 79 task [ (Verbruggen et al., 2008) , card guessing (Delgado et al., 2000) , Reading the 81
Mind in the Eyes (Baron- Cohen et al., 1997) , and movie watching) and 2 rest conditions. 82
Data were acquired from a single subject to eliminate the potential confound of inter-83 individual variations in anatomy, which would contribute to the variance in parcel boundaries 84 (Bijsterbosch et al., 2018) . The high number of fMRI sessions acquired in a single subject 85 allows us to demonstrate consistent within-condition parcellations across sessions, while also 86 demonstrating significantly different cross-condition parcellations, both within and across 87 sessions. Since a single subject was used, the null hypothesis would be consistent 88 parcellations across all sessions and conditions. 89 A second, independent data set was used from Midnight Scan Club (MSC) (Gordon et al., 90 2017b) to replicate these findings and demonstrate their generalizability. The MSC data are 91 particularly well suited for this analysis, as they include task-based and resting-state fMRI 92 data from 10 individuals, each of whom was scanned 10 times. 93
Finally, rather than measuring consistency within a subject across sessions, we used the 94
Human Connectome Project (HCP) (Van Essen et al., 2013) data (n=514) to demonstrate that 95 even when collapsing across subjects (rather than sessions), we observe that different 96 conditions lead to reproducibly different functional parcellations. 97
These three data sets are described in detail below. 98
Yale Data
99
Participant and processing 100
The primary subject R.T.C. is a healthy left-handed male, aged 56 years old at the onset of 101 the study. The subject provided written informed consent in accordance with a protocol 102 approved by the Human Research Protection Program of Yale University. 103
The subject was scanned at Yale University 33 times (that is, 33 sessions) over ten months. 104
Scans were typically performed on Wednesdays at 8:30 am and Fridays at 2:00 pm. Each 105 session consisted of two resting-state runs (each 6 minutes 49 seconds) and six task runs 106 (slightly varied in length, but each approximately 6 minutes). Three sessions were excluded from analysis: the first two sessions were excluded because of 113 the considerable adjustment in task design after session 2, and the ninth session was excluded 114 due to interruptions in task presentation. 115
The first session was used to acquire structural MRI data. High-resolution T1-weighted 3D  116 anatomical scans were performed using a magnetization prepared rapid gradient echo 117 (MPRAGE) sequence with the following parameters: 208 contiguous slices acquired in the 118 sagittal plane, repetition time (TR) = 2400 ms, echo time (TE) = 1.22 ms, flip angle = 8°, 119 slice thickness = 1 mm, in-plane resolution = 1 mm × 1 mm, matrix size = 256 × 256. A T1-120 weighted 2D anatomical scan was acquired using a fast low angle shot (FLASH) sequence 121 with the following parameters: 75 contiguous slices acquired in the axial-oblique plane 122 parallel to AC-PC line, TR = 440 ms, TE = 2.61 ms, flip angle = 70°, slice thickness = 2 mm, 123
in-plane resolution = 0.9 mm × 0.9 mm, matrix size = 256 × 256. 124
Functional scans were performed using a multiband gradient echo-planar imaging (EPI) pulse 125 sequence with the following parameters: 75 contiguous slices acquired in the axial-oblique 126 plane parallel to AC-PC line, TR = 1000 ms, TE = 30 ms, flip angle = 55°, slice thickness = 2 127 mm, multiband acceleration factor = 5, in-plane resolution = 2 mm × 2 mm, matrix size = 110 128 × 110. 129
Data were analyzed using BioImage Suite (Joshi et al., 2011) 
Dimensional task battery design 139
Functional scans were 6 minutes 49 seconds each, including initial shim and 8s discarded 140 acquisitions before the start of each task. Tasks varied slightly in length (see below), but were 141 all approximately 6 minutes in duration. A fixation cross was displayed after the end of each 142 task and lasted until the beginning of the next task. Each task, with the exception of movie 143 watching, was preceded by instructions and practice, after which the subject had the 144 opportunity to ask questions before the scan began. All responses were recorded using a 2×2 145 button box. 146
N-Back Task 147
The n-back task was adapted from that used in Rosenberg et al. (Rosenberg et al., 2015) . In 148 this task, the participant was presented with a sequence of images and was instructed to 149 respond via button press if the image was different than the image presented two before, and 150
to withhold response if it was the same. Images were presented for 1 second, followed by a 1-151 second inter-trial interval (ITI; fixation cross). The target (i.e., matching image) probability 152 was 10%. There were two blocks, each with 90 trials. One block used images of emotional 153 faces and the other block used images of scenes (Cohen et al., 2016; Conley et al., 2018) . 154 Block and stimulus order were randomized for each session. Task performance was assessed  155 by sensitivity (d'), defined as hit rate relative to false alarm rate (Rosenberg et al., 2016) . 156
Gradual-onset Continuous Performance Task (gradCPT) 157
The gradCPT task was adapted from that described in Esterman et al. (Esterman et al., 2012) 158 and Rosenberg et al. (Rosenberg et al., 2013; Rosenberg et al., 2016) . In this task, the 159 participant viewed a sequence of 450 scenes (city or mountain) that gradually transitioned via 160 linear pixel-by-pixel interpolation from one to the next over 800ms. The participant was 161 instructed to respond via button press to cities and to withhold response to mountains. 162
Stimulus order was randomized, and 10% of images were mountains. Task performance was 163 assessed by sensitivity (d'). 164
Stop-Signal Task (SST) 165
The stop-signal task was adapted from that implemented in Verbruggen et al. (Verbruggen et 166 al., 2008) . In this task, the participant was required to determine via button press whether a 167
presented arrow was pointing left (right index finger) or right (right middle finger). On 25% 168 of trials, the arrow turned blue after some delay, indicating that the participant should 169 withhold response. This stop-signal delay (SSD) was initially set to 250ms, and was 170 continuously adjusted via the staircase tracking procedure (50ms increase after correct 171 inhibition trials; 50ms decrease after each failure to inhibit). The arrow was presented for 1.5 172 seconds, followed by 0.5 seconds of fixation; there were 176 trials in total, with stimulus 173 order randomized within block. Task performance was assessed by missing probability, 174 defined as the percentage of missed responses on no-signal trials (Verbruggen et al., 2008) . 175
Card Guessing Task 176
The card guessing task was adapted from that originally developed by Delgado et al. 177 (Delgado et al., 2000) and subsequently extended (Barch et al., 2013; Speer et al., 2014 ). In 178 this task, the participant was presented with a card and asked to guess if the number on the 179 back was lower than 5, or greater than 5 but less than 10. The question mark card was 180 displayed for 1.5 seconds, or until the participant responded (right index finger for "lower," 181 right middle finger for "higher"). The card then "flipped over" to reveal the number. The 182 number was displayed for 0.5 seconds, followed by an arrow for 0.5 seconds to indicate 183 accuracy (green and up for correct, red and down for incorrect), which was in turn followed 184 by a 1-second inter-trial interval (fixation cross). There were 10 blocks, each with 10 trials, 185
and guess accuracy was deterministic, such that in half of the blocks ("high win"), the 186 participant was correct 70% of the time, while in the other half of the blocks ("high loss") he 187 was correct 30% of the time; block (high win/loss) and trial (correct/incorrect) orders were 188 randomized. Task performance was assessed by RT variability, defined as standard deviation 189 of reaction time (May et al., 2004) . 190
Reading the Mind in the Eyes Task ("Eyes Task") 191
The Eyes Task was adapted from that originally described in Baron-Cohen et al. (Baron-192 Cohen et al., 1997). In this task, the participant viewed a series of photographs of an 193
individual's eyes with four "mental state terms" (Baron-Cohen et al., 1997), one in each 194 corner of the image, and was instructed to select via button press (with each button 195 corresponding to one corner, and thus one term) the term that best described what the 196 individual was thinking or feeling. There were 36 images in total. Each was presented once, 197
in random order, for 9.25 seconds or until the participant responded; the remainder of each 198 10-second trial consisted of a fixation cross. Task performance was assessed by RT 199 variability, defined as standard deviation of reaction time for correct trials. 200
Movies Task 201
In this task, three movie clips were presented in continuous series; each was approximately 2 202 minutes long. The first clip was a trailer for "Inside Out," the second clip was the wedding 203 scene from "Princess Bride," and the third clip was a trailer for "Up;" order was fixed across 204 sessions. The participant was instructed to relax and enjoy the movies; no responses were 205 required. No task performance was recorded. 206 filtering. 220
Midnight Scan Club (MSC) Data
Task battery design 221
Each scanning session started with a 30-min resting-state fMRI scan, followed by three 222 separate task-based fMRI scans: motor task (2 runs per session, 7.8 min combined), 223 incidental memory task (3 runs per session, 13.1 min combined), and semantic-coherence 224 task (2 runs per session, 14.2 min combined). 225
Motor Task 226
The motor task was adapted from that used in the Human Connectome Project (HCP) ( 
Semantic-Coherence Task 241
The semantic-coherence task had a mixed block/event-related design, consisting of two 242 different conditions ("semantic" and "coherence"). In the "coherence" task, participants 243 viewed a concentric dot pattern (Glass, 1969) with 0% or 50% coherence, and made binary 244 decisions whether the pattern was concentric or random. In the semantic task, participants 245 viewed a word and indicated whether the word is a noun or verb. Each run consisted of two 246 blocks of each task, separated by 44 s of rest. Each block started with a 2.2 s cue indicating 247
which task was to be performed. Blocks consisted of 30 trials. Stimuli were presented for 0.5 248 s with a variable 1.7-8.3 s ISI. Each block finished with a 2.2 s cue indicating the end of the 249 task block. 250 well as the global signal, removing the linear trend, and low pass filtering. 266
Human Connectome Project (HCP) Data
Task battery design 267
Functional MRI scans were acquired during two different days: Day 1 included two runs (LR 268 and RL) of the working memory (WM) task (5:01 min per run), incentive processing 269 (gambling) task (3:12 min), motor task (3:34 min), and rest (14:33 min); day 2 included two 270 runs of the language processing task (3:57 min), social cognition (theory of mind) task (3:27 271 min), relational processing task (2:56 min), emotion processing task (2:16 min), and rest 272
(14:33 min). 273
The details of task design have been previously described (Barch et al., 2013 ; Van Essen et 274 al., 2013). We provide a brief description of each task and an overview of the relevant aspects 275 below. 276
Working Memory Task 277
In this task, participants performed a visual n-back task, with blocked 0-back and 2-back 278 conditions using four stimulus categories (faces, places, tools, body parts). Each run 279 consisted of 8 task blocks (10 trials each), with each stimulus category used twice, and 4 280 fixation blocks. Each block started with a 2.5 s cue indicating the task type (0-back versus 2-281 back) and the target (for 0-back). 282
Gambling Task 283
In this task, participants were presented with a mystery card and asked to guess if the number 284 on the back was lower than 5, or greater than 5 but less than 10. On reward trials, participants 285
were shown the number on the card, a green up arrow, and "$1"; on loss trials, participants 286
were shown the number on the card, a red down arrow, and "-$0.50"; on neutral trials, 287 participants were shown the number 5 and a gray, double-headed arrow. Each run consisted 288 of 4 task blocks (8 trials each) and 4 fixation blocks. In half of the blocks ("mostly reward"), 289 subjects were correct in 6 out of 8 trials (the remaining 2 trials were either neutral or loss), 290
while in the other half of the blocks ("mostly loss") they were incorrect in 6 out of 8 trials 291
(the remaining 2 trials were either neutral or reward). 292
Motor Task 293
Participants were presented with visual cues that asked them to tap their left or right fingers, 294 squeeze their left or right toes, or move their tongue. Each block started with a 3 s cue 295
indicating which movement to perform. Each run consisted of 2 blocks of tongue movements, 296 4 blocks of hand movements (2 left and 2 right), 4 blocks of foot movements (2 left and 2 297 right), and 3 blocks of resting-fixation. 298
Language Task 299
In this task, participants were aurally presented with 4 blocks of a story task and 4 blocks of a 300 math task. In the story task, they heard brief fables (5-9 sentences) and completed two-301 alternative forced-choice questions about the topic of the story. In the math task, they 302 completed addition and subtraction problems in a two-alternative forced-choice setting. 303
Social Task 304
In this task, participants were presented with 20-s video clips of objects (squares, circles, 305 triangles) either interacting (theory-of-mind) or moving randomly. Participants were asked to 306 choose between three potential responses ("mental interaction", "no mental interaction", and 307
"not sure"). Each run consisted of 5 video blocks (2 mental and 3 random in one run, 3 308 mental and 2 random in the other run) and 5 fixation blocks. 309
Relational Task 310
The relational task consisted of two different conditions ("relational" and "matching"). In the 311 relational condition, participants were presented with two pairs of objects with one pair at the 312 top and the other pair at the bottom of the screen. They were asked to decide whether the 313 bottom pair of objects differed along the same dimension (i.e., shape or texture) as the top 314 pair. In the control matching condition, they were presented with two objects at the top, one 315 object at the bottom, and a word ("shape" or "texture") in the middle of the screen. They 316
were asked to determine whether the bottom object matched either of the top two objects on 317 the dimension specified by the word. Each run consisted of 3 relational blocks (4 trials each), 318 3 matching blocks (5 trials each) and 3 fixation blocks. 319
Emotion Task 320
In this task participants were presented with blocks of "face" and "shape" tasks, and were 321 asked to determine which of the two faces (or shapes) presented at the bottom of the screen 322 matched the face (or shape) at the top of the screen. Faces had either angry or fearful 323 expressions. Each block started with a 3 s cue indicating which task to perform. Each run 324 included 3 face blocks (6 trials each) and 3 shape blocks (6 trials each), with 8 s fixation at 325 the end of each run. 326
Individualized and state-specific parcellation algorithm 327
Here, we extended our previously developed individualized parcellation algorithm (Salehi et  328 al., 2017) to account for the spatial contiguity of the parcels at the individual level. The 329
presented algorithm is a priority-based submodular method that defines functional parcels in 330 a streaming fashion, for every individual in every functional state. A key factor in this 331 algorithm is that each parcellation begins with an atlas obtained from a separate group of 332 subjects and finds an exemplar voxel for each parcel and then grows the parcels (see Figure  333 1a for a visual illustration). An important advantage of the proposed exemplar-based 334 parcellation approach is that it preserves correspondence of parcels from different 335 parcellations, making for straightforward comparisons of the resulting atlases. 336
Our algorithm runs in three steps: 337 i.
Registration of the initial group-level parcellation. In the first step, an off-the-shelf 338 group-level parcellation is applied to each individual's data, assigning each voxel to a 339 parcel defined by the group parcellation. At this step, all individuals in every state 340 have the same parcel definitions. 341
ii. Exemplar identification. In the second step, for every group-defined parcel in an 342 individual brain, an exemplar is identified by maximizing a monotone nonnegative 343 submodular function (see Eq. 2). 344
iii. Spatially-constrained voxel-to-parcel assignment. Finally, the third step assigns 345 every voxel in each individual brain to the functionally closest exemplar while 346 ensuring the spatial contiguity of the resulting parcel. 347
A visual illustration of the parcellation algorithm is provided in Figure 1a . 348 Step 1: Starting from data in common space, a group-level functional atlas is first applied to the individual subject.
Step 2: For every group-defined parcel in the individual brain, an exemplar is identified by maximizing a monotone nonnegative submodular function; here, three exemplars are shown in red, green, and blue.
Step 3: Every voxel in the individual brain is assigned to the functionally closest exemplar while taking the spatial contiguity of the parcel into account. The spatial contiguity is assured by utilizing priority queues. Every exemplar i is assigned a priority queue (denoted as q i ), here depicted as red, green, and blue queues which correspond to red, green, and blue exemplars, respectively. Initially, all the queues are empty. In the first round, spatial neighbors of exemplar i are pushed into q i . The voxels in each queue are sorted according to their functional distance to the corresponding exemplar such that the voxel with minimum functional distance (maximum similarity) is in front. Next, the front voxel in each q i is considered as a potential candidate for being assigned the label i. Among all these candidates, the one with minimum distance to its corresponding exemplar is selected and assigned the exemplar's label; here the candidate voxel from the 'red' queue is selected and labeled 'red'. Next, this voxel is popped out of the queue, and all of its spatial neighbors are pushed into the same queue. The algorithm continues until all the voxels are assigned a label. Note that at every step of the algorithm the labeled voxel is ensured to be spatially connected to its exemplar (either directly or through other previously labeled voxels). b) Quantitative results for assessing the quality of parcellation. Homogeneity (top) and DB index (bottom) comparison between the individualized, state-specific parcellations and the initial grouplevel parcellation, represented as box plots over sessions in Yale data, with the central mark indicating the median, and the bottom and top edges of the box indicating the 25 th and 75 th percentiles, respectively. The whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted individually. *** p <2.2e-16, two-tailed Mann-Whitney test.
Exemplar identification 349
The exemplar identification algorithm can be viewed as a data summarization step, where the 350 goal is to summarize a massive amount of data by fewer representative points or exemplars.
351
A classic way of defining such exemplars is by finding the set that minimizes the following 352 loss function, subject to the constraint | | = (known as k-medoid problem). 353
(1)
In this equation, is the ground set consisting of all data points, : × → is a 354 dissimilarity function defined on every pair of data points, and is the objective exemplar 355 set. Intuitively, measures how much information we lose if we summarize the entire 356 ground set to the exemplar set by representing each data point with its closest exemplar. 357
Minimizing this loss function (1) is NP-hard, as it requires exponentially many inquiries. 358
Using an appropriate auxiliary exemplar , we transform the minimization of (1) into the 359 maximization of a non-negative monotone submodular function (Gomes and Krause, 2010), 360
for which general greedy algorithms provide an efficient 1 − 1/e ≈ 0.63 approximation to the 361 optimal solution (Nemhauser et al., 1978) : 362
(
Where: 363
In practice, the greedy algorithm provides a considerably closer approximation to the optimal 364 solution (see Salehi et al. (Salehi et al., 2018) ). For the choice of auxiliary exemplar, any 365 vector whose distance to every data point is greater than the pairwise distances between 366 data points can be used. 367
Definition 1 (Submodularity). A function %: 2 → is submodular if for every , ⊆ -⊆ 368
and ∈ \it holds that % , ∪ − % , ≥ % -∪ − % -. That is, adding an element 369 to a set , increases the utility at more than (or at least equal to) adding it to ,'s superset, -, 370
suggesting natural diminishing returns. 371
Spatially-constrained voxel-to-parcel assignment 372
After identification of all exemplars (one per parcel), we assign every voxel in the individual 373 brain to its functionally closest exemplar such that the spatial contiguity of the parcels are 374 preserved. To assure the spatial contiguity of parcels, we utilize priority queues. We assign 375 one priority queue to each exemplar. Initially, all the queues are empty. In the first round, we 376 push the spatial neighbors of each exemplar to the corresponding queue. The voxels in each 377 queue are sorted according to their functional distance to the corresponding exemplar such 378 that the voxel with minimum functional distance (maximum similarity) is in front. We 379 consider the front voxel in each queue as a potential candidate for being assigned a label. 380
Among all the candidates, we select the one with minimum distance to its corresponding 381 exemplar and assign it a label, pull it out from the queue, and push all its spatial neighbors to 382 the same queue. We continue the algorithm until all voxels are assigned a label. Note that at 383 every step of the algorithm the labeled voxel is ensured to be spatially connected to its 384 exemplar (either directly or through other previously labeled voxels). 385
Implementation details 386
Starting from a group-level parcellation, we identified an exemplar within each parcel 387 following the steps detailed in "exemplar identification". We first normalized all the voxel-388 level timecourses to a unit norm sphere centered at the origin, and then computed the 389 pairwise squared Euclidean distance between every pair of voxels (within a parcel) according 390
to Eq. 1. A point with the norm greater than 2 was used as the auxiliary exemplar in Eq. 3. 391
Note that here = 1, as we identified one exemplar per parcel; however, larger s can be 392 used to increase the granularity of the parcellation (see Salehi et al. (Salehi et al., 2017) for 393 details). After identifying all exemplars, we eliminated the group-defined parcel boundaries 394 and assigned each voxel to its closest exemplar following the priority-queue-based steps 395 detailed in "spatially-constrained voxel-to-parcel assignment". The parcellation algorithm 396 was applied to each fMRI run (each individual in each state) independently, and thus was 397 efficiently employed through parallelization. For HCP data, we restricted our analysis to left-398 right (LR) phase encoding. 399
Parcellation evaluation 400
The quality of the proposed parcellation approach was assessed and compared with the initial 401 group-level parcellation, using two internal clustering validation methods: Homogeneity 402 (Figure 1b quality. As a more functionally significant evaluation metric, we also investigate the 408 alignment of the state-specific parcellation boundaries with task activation patterns, and 409 compared that with the group-level resting-state parcellation ( Figure S11 ). 410
Initial group-level parcellations 411
As the initial group-level parcellation, we primarily used a 268-parcel atlas, previously 412 defined in our lab using a spectral clustering algorithm on resting-state data of a healthy 413
population ( 
Statistical voting-based ensemble analysis 423
To estimate the similarity of parcellations within and across states, we employed a statistical 424
voting-based ensemble analysis. The reason for this analysis is two-fold: First, to help rule 425 out noise and session effects as potential confounds; and second, to aid with the statistical 426 comparison across states by generating a large distribution of state-specific parcellations. For 427 each condition, we divided all sessions (for Yale and MSC data) or individuals (for HCP 428 data) into two equal-size groups: group 1 and group 2. We took the relative majority vote 429 over the parcellations of each group by assigning each voxel to the parcel for which the 430 maximum number of sessions voted. This resulted in two parcellations for each functional 431 state, one for each group. Next, we assessed the similarity between every pair of the non-432 overlapping parcellations both within and across states. For instance, if there are 0 functional 433 states, this analysis generates an 0 × 0 matrix, where each element 1, 2 represents the 434 similarity between the parcellation of group 1 for state 1 and the parcellation of group 2 for 435 state 2. Thus, the diagonal elements represent the within-state similarities while the off-436 diagonal elements represent the cross-state similarities. We repeated the entire analysis 1000 437 times, generating an ensemble of 0 × 0 similarity matrices. The normalized distribution of 438 the within-state and cross-state similarity values were depicted as histograms, and compared 439 using the non-parametric Kolmogorov-Smirnov test (Figures 2d,e, 4d ,e, and 5d,e). The 440 averages of these similarity matrices were also displayed (Figures 2a,b, 4a ,b, and 5a,b). 441
Similarity measures between parcellations 442
We compared parcellations at two different scales: at the fine scale, we studied the ratio of 443 voxels that change their parcel assignment across different parcellations. The fine-scale 444 similarity was calculated using 1 -normalized Hamming distance (Figures 2a, 4a, 5a) . At the 445 coarse scale, we studied the changes in the parcel sizes across parcellations. The coarse-scale 446 similarity was computed using Spearman correlation between parcel-size vectors (Figures 2b,  447 4b, 5b). 448
Functional state decoding using parcel size as feature 449
We established a cross-validated predictive model that predicts the functional state of each 450 unseen sample solely based on the size of parcels in that parcellation. Using a k-fold cross-451 validated approach, we trained and tested a gradient boosting classifier (GBM; with 300 452 estimators and learning rate = 0.1) using parcel sizes as features and the functional state as 453 output. We randomly divided the entire data into k folds (k=n for the Yale and MSC data sets, 454
where n is the total number of runs, and k=10 for the HCP data set). At each step, the model 455 was trained on k-1 folds and tested to predict the state of the left-out fold. The predictive 456 power of the model was estimated using precision (also known as positive predictive value) 457
and recall (also known as sensitivity), calculated separately for each state. Both precision and 458 recall measures range between 0 and 1, with higher values indicating higher predictive 459 power. Precision calculates what fraction of the retrieved instances were actually relevant, 460
while recall expresses what fraction of relevant instances were retrieved. In the case of 10-461 fold cross-validation (i.e., for the HCP data set), we repeated the predictive analysis 100 462 times to account for the randomness of the folds, and reported the precision and recall 463 measures as the mean and standard deviation across all iterations. 464
To evaluate the significance of the results, we employed non-parametric permutation testing: 465
we randomly permuted the output vector (here the functional states) 1000 times, and each 466 time ran the permuted values through the same predictive pipeline and calculated the 467 precision and recall measures of the permuted states. 468
Task performance prediction using parcel size as feature 469
To establish the relevance of parcellation boundary changes to within-task variation in brain 470 state, we developed a cross-validated predictive pipeline that predicts task performance 471 during each Yale data session from the parcel sizes in the parcellation for that session. Using 472 a leave-one-out cross-validated approach, we trained and tested a ridge regression model 473 (with regularization parameter = 1), using parcel sizes as features and the performance scores 474 as output. For each task, a model was trained on n-1 sessions (of that task) and used to predict 475 performance for the left-out session. Analyses were performed for each task independently. 476
To measure performance, we used d' for n-back and gradCPT tasks, RT variability for eyes 477 and card-guessing tasks, and missing probability for SST. The predictive power was 478 estimated using r-values, defined as the square root of the percentage of the explained 479 variance. To estimate the significance of the results, we employed non-parametric 480 permutation testing, where we randomly permuted the behavioral scores 1000 times, and 481 each time ran the permuted scores through the predictive pipeline and calculated the r-value. 482
Voxel uncertainty analysis 483
Next, we demonstrate that the state-evoked parcel reconfigurations are not driven by voxels 484 with low certainty in their parcel assignment. To this end, we built upon our voting-based 485 ensemble analysis and quantified voxel uncertainty as the proportion of times across 1000 486 iterations that a voxel was assigned to different parcels between the two groups. 487
Effects of parcellation algorithm on the state-evoked parcel reconfigurations 488
One of the main advantages of the proposed parcellation algorithm is that correspondence of 489 parcels from different parcellations is maintained, making for straightforward comparisons of 490 the resulting atlases. Most other parcellation approaches could yield completely different 491 atlases, and in that case, it can be difficult to match parcels for quantitative comparison. 492
However, to ensure that the observed state-evoked reconfigurations did not depend on the 493 choice of parcellation, we employed two additional experiments. First, we repeated our 494 analysis using a slight modification of our exemplar-based algorithm, where instead of 495 employing a data-driven exemplar selection we manually fixed the exemplar to be a random 496 voxel in the parcel, with a particular exemplar for a given parcel fixed across all sessions and 497
conditions. This means the initial reference voxel was identical for a given parcel across all 498 sessions and conditions. In this case, only the time-course data could shift the parcellation 499 since all parcellations started from the same exemplar voxels across conditions and sessions. 500
Results remained largely unchanged ( Figure S5 ). Second, we replicated our results using 501
Wang et al.'s individualized parcellation algorithm, which is based on an iterative k-means 502 clustering approach (Wang et al., 2015). Wang's method has an averaging step for which we 503 used a standard uniformly weighted averaging. For results, see Figure S6 . 504
Effects of task activation on the state-evoked parcel reconfigurations 505
To address the question of whether the parcellation reconfigurations were driven by task 506 activation, we performed two experiments. First, we tested whether the mean task activation 507 (calculated per parcel) correlates with differences in parcel size relative to rest ( Figure S7 ). 508
Next, we eliminated parcels with significant task activation for any of the tasks and repeated 509 the entire analysis ( Figure S9 ). Significance was defined as |z|>1.96, associated with 95% 510 confidence interval or p<0.05. These two experiments were performed on both Yale and HCP 511 data sets. For Yale data, because all the tasks were continuous performance tasks, we 512 approximated the task activations per parcel by computing the difference between the 513 average temporal signal during task and rest. For HCP data, we generated task effect size 514 maps for each voxel using individual-level volume-based task contrast of parameter estimate 515 (COPE) files previously generated by (Glasser et al., 2013) using FSL FEAT's 516 FLAME (FMRIB's Local Analysis of Mixed Effects (Smith et al., 2004) ). One-sample t-517 statistics were calculated at each voxel and converted to Cohen's d coefficients as d s = t/√N, 518
where d s is the sample d coefficient, t is the t-test statistic, and N is the sample size (Cohen, 519 2013). We used the following contrasts for each task: REWARD-PUNISH (Gambling, 520 cope6), 2BK-0BK (WM, cope11), FACES-SHAPES (Emotion, cope3), STORY-MATH 521 (Language, cope4), AVG (Motor, cope7), REL-MATCH (Relational, cope4), and TOM-522 RANDOM (Social, cope6). We then applied the initial 268-parcel group-level parcellation 523 (Shen et al., 2013) to these voxel-level maps to calculate a mean task effect size per parcel for 524 each of the tasks. 525
Effects of head motion on the state-evoked parcel reconfigurations 526
To rule out the possibility that state-evoked reconfigurations were simply driven by 527 characteristic head motion patterns specific to each functional condition, we tested whether 528 there is significant difference in head motion between different functional conditions in Yale 529
data. We performed pairwise Wilcoxon signed-rank test (which is a non-530 parametric statistical hypothesis test to compare two dependent samples) on the mean frame-531
to-frame displacement, and corrected for multiple comparison using Bonferroni correction 532 ( Figure S10 ). We also ruled out the possibility that motion contributes to the task 533 performance predictions by showing there is no significant correlation between motion and 534 task performance in any of the tasks (Table S2) . 535
Results
536
In the first data set, which we refer to as Yale data, we applied our parcellation algorithm to 537 each functional run, generating one parcellation atlas for each condition and each scanning 538 session (8 conditions × 30 sessions = 240 atlases total). By taking the relative majority vote 539 over all sessions of each condition, we generated condition-specific parcellations. Figure 2a  540 visualizes these parcellations using a force-directed graph, with edge weights indicating the 541 similarity between parcellations, measured by r Hamming , which estimates the percentage of 542 voxels with similar parcel assignment. Parcels are colored according to their reconfiguration 543 in the given condition relative to Rest 1, where reconfiguration is defined as the percentage of 544 voxels which change their parcel assignment. The parcel reconfigurations are also depicted as 545 bar plots for every condition. Figure 2a demonstrates that parcels with high reconfiguration 546
are broadly distributed and condition specific. Further investigation of these areas suggests 547
that Inferior Frontal Gyrus, Middle Frontal Gyrus, and Middle Temporal Gyrus are among 548 parcels with high level of task-induced reconfiguration. Increased similarity of 549 reconfiguration maps is observed (Figure 2a ) among condition-specific parcellations with 550 increased pairwise similarity (Figure 2b ). Consistent with our expectations, Rest 1 and Rest 2 551 parcellations are highly similar to each other, while the parcellation for the movie-watching 552 condition is the most distinct ( Figure 2) . A similar visualization of the right hemisphere as 553 well as the histogram of the parcel reconfigurations can be found in Figure S . For 554 visualization and interpretation purposes, we created a video of these state-specific 555 parcellations (Video S1 and S2) as well as an interactive brain visualization platform (see 556 http://htmlpreview.github.io/?https://github.com/YaleMRRC/Node-557
Parcellation/blob/master/Parcellation_visualization.html). The anatomical labeling of the 558 parcels, ordered based on their reconfiguration level relative to the resting-state, is provided 559
in Table S1 (for all three data sets used in this work). 560 561
Figure 2. Visualization of the condition-specific functional atlases (left hemisphere), Yale data. (a)
Condition-specific functional atlases are visualized in a force-directed graph, with edge weights indicating the similarity between parcellations, measured by r Hamming = 1 -normalized Hamming distance. Force-directed graphs attempt to visually organize networks such that the energy of the graph as a whole is minimized. This is accomplished by assigning both repulsive and attractive forces to each pair of parcels such that the parcels with stronger interconnections are displayed closer to each other and the ones with weaker connections are more distant. Brain size is proportional to the graph theory measure degree. Edge thickness is proportional to the edge weights. Parcels are colored by the percentage of reconfiguration in the given condition relative to Rest 1, such that parcels with lighter colors have higher level of reconfiguration relative to Rest 1 than those with darker colors. For every functional condition, the parcel reconfigurations are also depicted as a bar plot with x-axis representing the parcels (from 1 to 268) and the y-axis indicating the percentage of reconfiguration relative to Rest 1. (b) Cross-condition parcellation similarity measured by r Hamming .
Statistical voting-based ensemble analysis 562
We quantitatively examined these parcellation changes across conditions using the statistical 563
voting-based ensemble method (see Methods). The results demonstrate that parcellations are 564 significantly more similar within each functional condition than across different conditions, 565
both for fine-scale (Figure 3a, d ; K-S test; p<0.001) and coarse scale similarity measures 566 (Figure 3b , e; K-S test; p<0.001). This finding suggests that parcellations are highly 567
reproducible within a functional condition, and rearrange significantly between conditions. 568
These changes are reflected even in a coarse-scale feature of spatial topography, i.e., parcel-569 size. 570
Functional state decoding using parcel size as feature 571
Next, we demonstrate that the observed task-induced parcellation reconfiguration is 572 consistent across sessions and specific to each condition. To this end, we built a cross-573 validated predictive model that predicts the functional condition under which novel runs were 574 acquired based solely on the parcel size vector. Prediction accuracies-measured as precision 575
and recall for each condition-were significantly higher than random for all conditions (mean 576 accuracy = 71%; Figure 3c ). That a measure of spatial topography as coarse as parcel size can 577 significantly predict which task a subject is performing suggests that functional brain atlases 578 reconfigure with task-induced brain state in a consistent manner, forming a generalizable and 579 robust signature of brain organization during that condition. Successful prediction also 580 demonstrates that cross-condition reconfigurations are not driven by noise. 581
Task performance prediction using parcel size as feature 582
While the overall stability of the functional atlases within each condition was high, subtle 583 variations were observed across different sessions of the same condition. To examine if 584 parcel reconfigurations contain meaningful session-specific information, we attempted to 585 predict task performance using parcel size as the model feature. Task performance was used 586 as a proxy for level of engagement in the task, reflecting more fine-grained variations in brain 587 state than cannot be captured by simply considering task as a state (see Methods for details of 588 the behavioral measures that were used for each task). Task performance was successfully 589 predicted from parcel sizes (Figure 3e ), indicating that reconfigurations from session-to-590 session within a task condition reflect meaningful changes in brain function. The success of 591 these predictions again rules out the possibility that even session-to-session reconfigurations 592 are driven by noise. 593 Figure 3 . Parcel definitions change with task condition; Yale single-subject data. a) Pairwise parcellation similarity was calculated within and across functional conditions (8 conditions, N=30 sessions), using voting-based ensemble analysis with 1000 iterations. The matrix represents the average over all iterations. Similarity was assessed by r Hamming = 1 -normalized Hamming distance. b) The same analysis as (a) was performed, this time using rank correlation of parcel-size vectors (r Spearman ) as a proxy for parcellation similarities. c) The bars reflect the accuracy of predicting the functional condition using a leave-one-out cross-validated GBM classifier with parcel sizes as features. The predictive power is measured by precision (dark cyan) and recall (light cyan) values for each condition. The precision (black) and recall (gray) values of 1000 null models are also reported (error bars represent ±s.d.). d) A histogram of the parcellation similarities for all 1000 iterations is depicted for within-condition (diagonal elements in [a]) and cross-condition (off-diagonal elements in [a]) comparisons. Rest 1 and Rest 2 are grouped into one condition. The within-and cross-distributions are significantly different (K-S test; p<0.001). e) A histogram of the parcel size similarities for all 1000 iterations is depicted for withincondition (diagonal elements in [b]) and cross-condition (off-diagonal elements in [b]) comparisons. Again, the two distributions are significantly different (K-S test; p<0.001). f) The bars report the accuracy of predicting task performance using a leave-one-out cross-validated linear regression model with parcel sizes as features. Predictive power is measured by square root of coefficient of determination (r-value). The r-values of 1000 null models (for permutation testing) are also reported (error bars represent ±s.d.). Figure 4a shows that the majority of the voxels have less than 10% uncertainty in their parcel 595 assignment, suggesting that the parcellations are reliable within a functional condition. Figure  596 4b visualizes the spatial distribution of voxel uncertainty in the brain. From this visualization, 597
Voxel uncertainty analysis 594
it is clear that the shape of the white areas in each parcel, representing voxels with low 598 uncertainty (uncertainty < 10%), changes substantially between conditions, suggesting that 599 the state-evoked reconfigurations are not simply driven by noisy boundaries, but that stable 600 voxels form parcels of different shapes. 601 Figure 4 . Voxel uncertainty analysis. Voxel uncertainty was computed for each functional condition as the proportion of times across 1000 iterations of the voting-based ensemble analysis that the voxel was assigned to different parcels between group 1 and group 2 (see Methods). a) The histogram of voxel uncertainty for each functional condition. b) The spatial distribution of voxel uncertainty on the brain, visualized in a force-directed graph with edge weights indicating the similarity between voxel uncertainty distributions across conditions, measured by r Spearman . Brain size is proportional to the graph theory measure degree. Edge thickness is proportional to the edge weights. Voxels with a low uncertainty (uncertainty < 10%) are shown in white, and the parcels defined by these clearly change shape between conditions. The rest of the voxels (uncertainty > 10%) are shown in blue.
Replication of the state-evoked atlas reconfiguration across data sets 602
Midnight Scan Club (MSC) data set 603
We replicated our main findings by leveraging a publicly available data set: Midnight Scan 604
Club (MSC) (Gordon et al., 2017b) . For each individual, we repeated the voting-based 605 ensemble analysis described above and calculated the similarity between each task-(or rest-) 606
based pair of parcellations. Figure 5 demonstrates the pairwise parcellation similarities, 607
averaged over individuals (Figure 5a , d: fine-scale similarity; Figure 5b , e: coarse-scale 608 similarity). Figure S2 shows the similarity matrices of each individual separately. Confirming 609 the finding from the single-subject data described above, we observed that functional atlases 610 are significantly more similar within condition than across conditions (K-S test, p<0.001). 611
Similarly, parcel sizes are significantly more similar within a condition (K-S test, p<0.001). 612
Predictive modeling based on parcel size could significantly predict condition for a novel run 613
(mean accuracy = 66%; Figure 5c ) and generalized across individuals. That all the 614 predictions were successful, and consistent across individuals, is a strong indication of the 615 significance of functional parcel reconfigurations associated with different tasks. The 616 findings from this independent data set replicate the single-subject findings. 617 report the accuracy of predicting the functional condition using a leave-one-out cross-validated GBM classifier with parcel sizes as features. The predictive power is measured by the precision (dark cyan) and recall (light cyan) values for each condition. The precision (black) and recall (gray) values of 1000 null models are also reported (error bars represent ±s.d.). d) A histogram of parcellation similarities for all 100 iterations (averaged over all individuals) is depicted for within-condition (diagonal elements in [a]) and cross-condition (offdiagonal elements in [a]) comparisons. Sem-Coh 1 and Sem-Coh 2 are grouped into one condition, as are Motor 1 and Motor 2 conditions. The within-and cross-distributions are significantly different (K-S test; p<0.001). e) A histogram of parcel size similarities for all 100 iterations (averaged over individuals) is depicted for withincondition (diagonal elements in [b] ) and cross-condition (off-diagonal elements in [b]) comparisons. The two distributions are significantly different (K-S test; p<0.001). Sem-Coh, semantic-coherence task; Memory F, S, and W, incidental memory task with faces, scenes, and words stimuli, respectively.
Human Connectome Project (HCP) data set 618
The results from the previous two data sets relied upon the construction of individual atlases 619 across both sessions and conditions and were evaluated in terms of how the atlas within an 620 individual changed between conditions. Next, we used the Human Connectome Project 621 (HCP) 900 Subjects release (S900) data (Van Essen et al., 2013) to determine if such 622 condition-dependent reconfigurations could be observed when measured across multiple 623 subjects introducing additional variance through inter-subject anatomic differences. We 624 repeated the voting-based ensemble analysis described above, this time replacing sessions 625
with subjects, such that we considered multiple subjects in multiple conditions and calculated 626 the similarity between each pair of parcellations. Figure 6 demonstrates the pairwise 627 parcellation similarities across subjects. Despite the introduction of inter-individual anatomic 628
and functional organization variance, the primary finding that the parcellation map changes 629 with condition remains highly significant (Figure 6a , d: fine-scale similarity [K-S test, 630 p<0.001]; Figure 6b , e: coarse-scale similarity [K-S test, p<0.001]). As an even stronger 631 assessment of generalizability, we repeated our previous analysis to predict, based on parcel 632 size, the task during which the data were collected for previously unseen subjects. Given that 633
we had a larger sample size (n=514), we further challenged our model by employing a more 634 rigorous 10-fold cross-validated pipeline (rather than leave-one-out). We observed that our 635 model could significantly predict, in novel subjects, the task administered while the data were 636 acquired (Figure 6c , mean accuracy = 73%) based on parcel size, alone. This observation is 637
an even stronger replication of our main findings; that is, the observed state-evoked 638 parcellation reconfigurations are robust and reliable not only across different sessions, but 639 also across distinct individuals. 640 WM, working-memory task; Gam, gambling task, Mot, motor task; Lan, language task; Soc, social task; Rel, relational task; Em, emotion task.
Robustness of the state-evoked atlas reconfiguration across scales 641
In our final analysis, we sought to address the question of parcellation scale, asking if these 642 reconfigurations are simply due to the rather large parcel sizes typically targeted in current 643 parcellation approaches. If the parcel resolution were too low, then it could be the case that 644 our parcels are composed of smaller subunits that do not change their shape but potentially 645 exhibit altered connectivity with the other subunits dependent upon the functional state 646 (hence modifying how they are grouped into a single parcel). If this is the case, then making 647 atlases with more parcels should get to a level where the parcels remain unchanged even with 648 changes in brain state. In the limit of parcels reduced to the size of a voxel, there can be no 649 condition-induced change in parcel definition since the parcel is defined by the voxel size. 650
Here we attempted to determine the critical resolution at which parcellations stabilize. To 651 address this question, we repeated our analyses with Yale data, using atlases containing 652 greater numbers of parcels, from 368, to 1041, to 5102 parcels (see Methods). In each case, 653 parcel reconfigurations were observed, even when the number of parcels was increased to 654 5102, more than ten times the typical number of parcels used in functional connectivity 655 analysis (Bellec et al., 2015; Nieuwenhuys, 2013 ; Van Essen et al., 2012) ( Figure 7) . Results 656 with 368-parcel and 1041-parcel atlases are reported in Figure S3 and Figure S4 , 657 respectively. To date, the human neuroscience community has not considered atlases with 658 5000 or more parcels. 659 obtained even after exclusion of voxels with significant task activations ( Figure S9 ). Together, 700 this suggests a more complex picture of parcels in flux across the brain, wherein different 701 groups of neurons synchronize to execute different tasks resulting in different parcel 702 definitions. It is possible that invariant boundaries may not be found until the acquisition 703 resolution is of the order of a fundamental cortical unit, such as microcolumns (300 -500 704 µm) (Molnár, 2013; Mountcastle, 1957) or less. This presents an exciting opportunity for 705 future work with high-field fMRI to interrogate the underpinnings of boundary shifts at high 706 resolution. 707
The existence and nature of such a fundamental unit-and its potential impact on the BOLD 708
signal-are open questions, but regardless of their answer, the findings here of substantial 709 parcel reconfiguration even at atlas sizes of 5000 parcels (consisting of, on average, 25, 2 710 mm 3 voxels, or ~5.8 mm 3 of tissue), suggest that current human functional parcellation atlases 711 are far from this limit. Nevertheless, our goal does not have to be identifying parcels that 712 correspond to a minimal functional or computational unit. In practice, a parcel that has a 713 homogeneous, distinct identity in a given state is sufficient for many analyses. In other 714 words, as long as the atlas is consistent for the state of interest, atlases with 200 -400 715 parcels are entirely appropriate. 716
Additional considerations 717
The exemplar-based parcellation approach used in this work imposes a constraint that holds 718 the total number of parcels fixed and eliminates the problem of establishing correspondence 719
between parcels under different conditions. Maintaining correspondence across parcellations 720 facilitates quantitative assessment of the change in each parcel. It is possible that parcels not 721 only reconfigure, but also blend and/or split, leading to a change in the total number of 722 parcels with a change in brain state. This additional degree of freedom would make 723 quantification of parcel changes across atlases obtained under different conditions more 724 difficult due to the correspondence problem, while also potentially amplifying our main 725
finding that there is no fixed functional atlas at the scale typically used in fMRI studies. In 726 other words, without an exemplar-based approach, the reconfiguration of these parcels would 727
likely be more extensive than that shown here. 728
The algorithm presented also constrains parcels to be contiguous. Without this constraint, it is 729 possible for connectivity-based parcellations to group voxels, that may be widely separated 730 spatially, into single parcels with very high homogeneity in their time-courses. If parcels are 731 allowed to be non-contiguous, it becomes an open question as to how much distance is 732 allowed between the different parts of a parcel. With no consideration given to spatial 733 contiguity, a successful parcellation algorithm could simply rank voxel time-courses by 734 similarity and then split this ranking into n parcels, which would provide maximal parcel 735 homogeneity (a common measure of parcellation success), but would identify broadly 736 distributed brain networks rather than functionally specialized, circumscribed brain regions. 737
The present work focuses on defining parcels with hard boundaries. However, one can use 738 the voxel uncertainties to define soft borders, as displayed in the blue boundaries in Figure 4 . 739
One can also define a probabilistic soft parcellation by considering the consistency of voxel-740 to-parcel assignments across different functional conditions. While defining such soft borders 741 is feasible, most parcellation approaches to date have focused on hard boundaries. One 742 application of such functional atlases is in building connectivity matrices, and with soft 743 boundaries the question of how to weight the time-courses across these boundaries is 744 currently unanswered. Given the use of parcellations with hard boundaries for validated, 745
commonly used functional connectivity analysis pipelines, we chose to focus here on such 746 hard boundaries. 747
States are defined in this work as task conditions with acquisitions spanning a series of 748 continuous performance, event-related, and blocked tasks. It is likely that parcel 749 reconfiguration occurs over considerably shorter periods of time than these minutes-long task 750 intervals, particularly given the growing literature on the dynamic nature of functional brain 751 organization (Cohen, 2018) and the present finding that there are meaningful, state-induced 752 changes in parcellation boundaries within a given task (i.e., that task performance can be 753 predicted from parcel size). Future work may seek to characterize how parcellation 754 boundaries shift to reflect the dynamic reconfiguration of macroscale neural circuitry 755
underlying moment-to-moment changes in brain state. 756
This work also does not invalidate multimodal parcellation approaches that combine both 757 anatomical and functional data (including functional data across a wide range of task and 758 resting states), but suggests that such approaches, by defining a mean atlas across states, may 759 mask meaningful and informative functional reconfigurations associated with specific brain 760 states. 761
Implications 762
Essentially all publications to date that employ parcellations with hard boundaries have used 763 fixed atlases at the group or individual level, with parcel boundaries defined anatomically or 764 functionally (or through a combination of methods). Such work assumes that parcel 765 boundaries do not change in a meaningful way for a given individual or group, but the 766 findings here suggest that this is not the case for atlases defined using functional MRI data. 767
While functional parcel reconfigurations may not affect results generated using data collected 768 during a single state, they may affect investigations of connectivity changes across states. 769
More generally, it suggests that a single functional parcellation applicable to all brain states is 770 not appropriate. Further, these findings suggest that state-dependent changes in connectivity 771 could be attributable in part to reconfiguration of the underlying parcellation, and this should 772 be considered as part of the interpretation of changes in connectivity that occur across 773 different cognitive conditions. 774
It has been posited that imposing an atlas on the brain is simply a data-reduction strategy to 775 reduce the connectivity matrix to a manageable size. This may indeed be a useful feature (for 776 a discussion, see Eickhoff et al. (Eickhoff et al., 2018) ), and this work does not impact its 777
utility. The findings here, however, support the notion that function-based parcellations are 778 not only a means of data dimensionality reduction but also a way to reveal meaningful 779 patterns of, and changes in, brain functional organization -and provide a new index of 780 functional reconfiguration with task. The results demonstrating prediction of state and 781 performance based on the particular parcel size support this conclusion. 782 New approaches to individualized parcellation, such as the approach used in this work, could 783 potentially lead to custom state-dependent atlases for individuals or groups, which may in 784 turn provide further insight into understanding state-dependent functional reorganization of 785 the human brain. Much work needs to be done to understand the relationship between 786 functional edge strength measures and these variable parcel configurations, and the impact of 787 these variables on functional connectivity measures in both health and disease. It is an open 788 question whether fixed functional subunits, invariant to brain state, can be defined in the 789 human cortex with current state-of-the-art neuroimaging methods. We do know from these 790 results however, that such an atlas would need to have more than 5000 parcels since we 791 observed consistent and predictable reconfigurations even at this scale of atlas. Nevertheless, 792
state-dependent changes in parcellation boundaries offer an important tool to study neural 793 representation and dynamic interactions in the human brain. 794
Conclusion
795
This work demonstrates that there is no single functional atlas for the human brain at the 200 796 -5000 parcel resolution level, but rather that parcels reconfigure depending on task-induced 797 state in a robust and reliable manner. Such reconfigurations are distinct and reliable enough 798 to use quantitative parcellation characteristics (i.e., parcel size) to predict task condition 799 across multiple tasks, as well as within-task performance. That functional parcel definitions 800 are fluid must be considered when interpreting changes in functional connectivity patterns 801 across states. Such parcel reconfigurations may be leveraged to better understand dynamic 802 changes in functional organization of the human brain. These results therefore provide 803
another mechanism by which to understand the flexible brain and how it reconfigures to 804 perform the task at hand. The derivation of state-specific, individualized functional atlases 805 could provide an important tool for human neuroscience, and this work calls for the 806 continued development and validation of such approaches. 807
